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Dedication
Thank you mama dry your eyes, it ain't no reason to cry,
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Abstract
Woods, Isaac Lee. Psychology Ph.D. The University of Memphis. August 2017. Do the
WJ-IV Tests of Cognitive Abilities Predict Reading Equally across Groups? Major Professor:
Randy Floyd, Ph.D.
Reading and intelligence tests are commonly used as instruments to decide on special
educational services for students. The construct validity and predictive validity of the Woodcock
Johnson IV Tests of Cognitive Abilities (WJ IV; Schrank, McGrew, & Mather, 2014b) has not
been examined for bias across racial/ethnic groups. This study extends Keith’s (1999)
examination of bias for general and specific cognitive ability latent variables predicting basic
reading skills, reading comprehension, and reading rate using a cognitive model and a reading
achievement model adapted from Niileksela, Reynolds, Keith, and McGrew (2016). Using
Black, Hispanic, and White samples of 9- to 13-year-olds from the WJ IV norming sample, the
cognitive model demonstrated minimal evidence of variance across groups at the metric level,
and the reading achievement model was invariant across groups. Multisample structural equation
modeling resulted in no significant differences across racial groups. Gc and Gs were consistent
predictors for all reading factors. All predictive models for this study demonstrated a poor
fit. Overall, no predictive bias was found in the distribution of underlying latent variables that
produce reading skills and inherent differences across racial/ethnic groups are not supported.
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Do the WJ-IV Tests of Cognitive Abilities Predict Reading Equally across Groups?
Reading is a highly important skill to acquire. Early childhood marks a critical point in
language acquisition, cognitive development, and development of pre-literacy skills, such as
rhyming, letter naming, and letter-sound knowledge. During elementary school, students begin
reading words in connected text and transition from learning how to read to reading to learn. In
middle and high school, students typically receive no formal reading instruction and more
specific instruction in content areas, but a key assumption is that students can read with high
levels of comprehension. Because reading is a fundamental component of academic
achievement, it is purposeful to understand different facets of reading skill developing and how
to accurately predict the skill level of readers.
The National Reading Panel (2000) published a report to establish a framework for
reading for practical applications. They outlined three essential components to reading:
phonemic awareness, fluency, and comprehension. Phonemic awareness refers to the ability to
focus on and manipulate phonemes orally (Norton & Wolf, 2012). For a long time (Liberman,
1971), phonemic awareness has been believed to be a contributor to learning to read because of
the connection between alphabetic coding and the pronunciation of words. Words have a pattern
of predictable spellings that are symbolically used to pronounce words, and students who
struggle with phonological awareness have been or are most likely to have reading difficulties
(National Reading Panel, 2000; Wagner & Torgesen 1987). To measure phonemic awareness,
students are asked to recognize individual sounds, identify common sounds in different words,
categorize words with odd sounds in sequence, blend sounds, segment words into sounds, and
delete sounds when in words (Melby-Lervag, Lyster, & Hulme, 2012).
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Fluency is demonstrated by the ability to read text with speed, accuracy, and appropriate
expression (National Reading Panel, 2000). Fluency is best understood as occurring in two parts:
oral fluency and silent fluency (Norton & Wolf, 2012). Fluency entails the ability to group words
appropriately through the rapid use of punctuation and grammatical units. Fluency is mostly
measured orally though miscue analysis, pausing indices, running records, and timed speed.
Although word recognition skills are important to fluency, it does not necessitate fluency.
Difficulties with decoding unfamiliar words take cognitive resources that would otherwise be
used to increase the fluency of reading and to comprehend what is read (Wolf & Katzir-Cohen,
2001).
Another key finding from the National Reading Panel (2000) report is that by the 3rd
grade, readers should have achieved basic reading skills like decoding so they can be taught
comprehension strategies. Reading comprehension is a process of complex skills that are
strategically active and interactive processes. The skill of reading comprehension is reliant on
vocabulary knowledge as well as strategies for text comprehension. Vocabulary knowledge has a
distinctive role in reading comprehension (Quinn, Wagner, Petscher, & Lopez, 2015), as welldeveloped oral vocabulary skills are important for understanding reading words in texts. The
content in a text is comprehendible with prior knowledge and experiences that enable the reader
to engage with the text. Comprehension can be improved through teaching strategies to
understand and interact with the text while reading. The assessment and measurement of these
skills are varied from summarization, inferential questions, and simple recall of text (Reynolds &
Turek, 2012).

2

Cognitive Abilities Predicting Reading Skills
There is demonstrative evidence that cognitive abilities and academic achievement have
strong relations, and there is also emerging consensus that an evaluation of cognitive abilities
should be required as part of the identification of specific learning disability and intellectual
disability as well as selection for gifted and talented programs (Flanagan & Alfonso, 2016).
Tests of cognitive abilities are used to aid in the prediction of academic achievement outcomes.
Essentially, information about the ability to learn should help understand what has been learned.
Consequently, the transition from learning to read to learning how to read that occurs around the
fourth grade (Chall, 1996). This is an intersection in which cognitive abilities used during
reading is especially important.
Several cognitive abilities are connected to the processes of reading (Hajovsky,
Reynolds, Floyd, Turek, & Keith, 2014). Memory and auditory processing are predictors of the
phonemic skills that help children learn unfamiliar words, recall relations between soundssymbols, and lexical knowledge. Van den Boer, Bergen, and de Jong (2014) and Bar-Kochva
(2013) have found that short-term memory was correlated and explained some for the variance
for oral reading and silent reading. The storage of and retrieval of read text as it relates to
decoding words, and vocabulary knowledge is necessary for comprehension. It is crucial to
understand these cognitive abilities as they are vital to understanding the strengths and
weaknesses of readers. If reading is to be fully understood, then the most current and up-to-date
instruments for measuring a valid model of cognitive ability should be used.
Cattell-Horn-Carroll (CHC) theory (Schneider & McGrew, 2012) is perhaps the most
influential model of cognitive abilities guiding applied measurement in psychology and
education. It is based on a model describing three strata of cognitive abilities that vary in terms
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of generality (Carroll, 1993). The first stratum includes highly specific narrow cognitive
abilities. The second stratum includes broad cognitive abilities, such as Comprehension
Knowledge (Gc), Cognitive Processing Speed (Gs), Auditory Processing (Ga), Short-term
Working Memory (Gsm), Long-Term Retrieval (Glr), Fluid Reasoning (Gf), and Visual
Processing (Gv). The third stratum measures the most global cognitive ability, sometimes called
psychometric g, common to all tests of cognitive abilities. CHC broad abilities have been well
researched and understood in human development of cognition (McGrew, 2009; McGrew &
Evans, 2004; Newton & McGrew, 2010). The structure and relations across these three strata of
cognitive abilities serves as a foundation for test development and evaluation of the factorial
structure of existing tests.
McGrew and Wendling (2010) reviewed 19 studies from the past 20 years that have
examined cognitive-achievement relations from the perspective of CHC theory. In their review,
most studies on cognitive-reading achievement relations were focused on the reading from the
three components of reading from National Council of Reading (2000). For examples, on the
Woodcock-Johnson Tests of Achievement, Fourth Edition (WJ IV ACH; Schrank, Mather, &
McGrew, 2014b), phonemic awareness is commonly associated with tests from Basic Reading
Skills and cross-domain clusters, fluency is commonly associated with the construct of Reading
Rate, and comprehension is commonly associated with Reading Comprehension. McGrew and
Wendling (2010) included nine studies of latent variables for cognitive-achievement relations
and seven of those nine studies were specifically for reading. The latent variables underlying
tests of cognitive abilities are the most informative for examining the predictive relations
between cognitive abilities and reading achievement because latent variables are a more reliable
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representation to the true ability than measured variables (e.g., subtest and composite scores) that
are undermined by error variance.
Several CHC broad abilities have been found to contribute to reading skills in recent
studies employing latent variables. Based on previous research (Keith, 1999; Niileksela et al.,
2016) on cognitive-achievement relations, the primary cognitive abilities interest understanding
reading for the 9- to 13-year-old age range are Ga, Gc, Gs, Gf and g. Gsm is of interest because it
was used to construct Keith’s (1999) higher-order cognitive model and could have some
connection specific reading skills or some structural importance to understanding g’s impact on
predicting reading outcomes. A review of research for these cognitive abilities is presented next:
Ga. Ga is the ability to recognize and process meaningful nonverbal stimulus in sound
(McGrew, LaForte, & Schrank, 2014). There is support throughout the literature for Ga’s effect
on reading outcomes. McGrew (1997) demonstrated strong effects on reading decoding. Keith
(1999) identified these effects as being linked to decoding, but Floyd, Keith, Taub, McGrew
(2007), Hajovsky et al. (2014) did not find a direct effect to decoding. Vanderwood (2002)
evinced that Ga had a strong effect with both basic reading skills variables at grades 3rd and 4th;
however, grades 5th to 9th maintained a moderate relation between Ga.
Gc. Gc is the ability to develop an understanding of the depth and breadth of general
knowledge and skills that are valued by one’s culture (McGrew et al., 2014). The evidence for
Gc’s effect on some reading skills is unclear. McGrew (1997) evinces strong evidence for each
reading skill, and Floyd et al. (2007) revealed a moderate direct effect on reading decoding. A
minimal effect on grades 3rd to 6th and strong effect for grades 7th to 12th (Benson, 2008) on basic
reading skills. Hajovsky et al. (2014) also found evidence of strong relations between Gc and
reading comprehension. Niileksela, et al. (2016) reported weak effects on all reading skills.
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Gs. Gs is the ability to perform both repetitive cognitive tasks of varying difficulty
quickly and fluently (McGrew et al., 2014). The evidence for Gs’s effect on reading skills are
mixed. Vanderwood (2002) found no significant effect for reading outcomes. Benson (2008)
expanded on Vanderwood’s (2002) previous study to focus on reading fluency and found weak
to moderate relations that become strong around 4th to 6th grade. The findings from Hajovsky et
al. (2014) suggest that, after age 8, direct effects diminish for decoding skills. Gs was found to
have some effects for tests related to reading comprehension (Keith, 1999). Niileksela et al.
(2016) further defined the relations between Gs and reading skills. Gs had a small effect on latent
variables Basic Reading Skills and Reading Comprehension but a moderate effect on Reading
Rate.
Gsm. Gsm is the ability to encode, maintain, and finesse information in one’s immediate
memory (McGrew et al., 2014). The evidence for Gsm’s effect on reading skills are supported in
previous literature of cognitive-achievement relations for reading. Floyd et al. (2007) evinced
moderate direct effects of reading decoding. Benson (2008) found a small effect on basic reading
skills for 3rd and 4th graders and a moderate effect for 7th to 12th grade.
Gf. Gf is the deliberate and flexible ability to control attention to solve novel problems
that cannot be solved by relying on previously learned processes (McGrew et al., 2014). The
evidence for Gf’s effect on reading skills are unclear. McGrew (1997) and Keith (1999)
demonstrated the earliest evidence of Gf on reading. The relations of Gf to specific reading skills
was further define by Niileksela et al. (2016). Gf was found to have a moderate direct effect on
the latent variable Reading Comprehension but not on latent variables Reading Rate and Basic
Reading Skills.
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g. Psychometric g is the most general representation of intellectual ability. Early research
has found that g is a significant predictor of reading; however, it seems that g has an indirect
effect on basic reading skills (Floyd et al., 2007; Hajovsky et al., 2014) and reading
comprehension (Floyd et al, 2014; Hajovsky et al., 2014) and a direct effect for basic reading
skills for grades 3rd to 6th (Benson, 2008). The relationship between g and reading skills should
be consider in context of the contributions of CHC broad abilities.
Invariance in Predictive Relations across Racial/Ethnic Groups
As noted in the previous section, research guided by CHC theory has investigated the
relations between measures representing psychometric g and CHC broad abilities and
achievement domains in areas of reading (e.g., McGrew & Wendling, 2010). However, across
studies—including McGrew and Wendling (2010)—there has been minimal consideration of
racial/ethnic differences in the prediction of reading outcomes across groups (e.g., Keith, 1999;
Scheiber, 2016). Thus, research incorporating CHC theory has typically ignored possible groups
differences, as only a handful of studies have been attempted on modern tests.
Consequently, the lack of focused empirical investigation of the prediction of
achievement across racial and ethnic groups limits our understanding of best practices for
identification and intervention of educational disparities. Several social, economic, and political
injustices have been heavily researched to help understand educational disparities. The American
Psychological Association (APA, 2012) assembled a task force to investigate racial/ethnic
disparities in education and reported that 21% to 26% of White and Asian American children
reading below basic levels continues from 4th to 12th grade compared to 50% to 54% of Black
and Hispanic children (APA, 2012). When discussing disparities in America, it is important to
consider that racial and ethnic groups for Hispanic and Asian American groups should be
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consider with further categorization as Cuban Americans are typically comparable to Whites,
and Asian Americans from Southeast Asia more commonly have a gap that is comparable to
Blacks (APA, 2012). These disparities are parallel to health and economy disparities in and
among groups (APA, 2012).
Disparities are also noticeable in special education. Research has examined the
disproportional representation of economically disadvantaged students who belong to
racial/ethnic groups in special education (O’Connor & Fernandez, 2006). Results from a relative
risk ratio for the special education eligibility category provided by the Children’s Defense Fund
(2014) indicated African Americans, Hispanic Americans, and Native Americans were more
likely to be overrepresented in the areas of intellectual disability and learning disability when
compared to European Americans. More specifically, Black and Hispanic students were
identified by a higher percentage of school districts to have exceeded the appropriate risk ratio
for the specific learning disability and intellectual disability compared to White students (Office
of Civil Rights, 2016).
From an ecological perspective, these disparities are a product of the lack of access to
early educational training, linguistic diversity, differential schooling treatment based on the
intersection of gender and race, awareness of racial discrimination in education, school resegregation, and unequal distribution of resources in schools with higher percent of students of
color. There is a bevy of information summarized by the APA Task-Force (2012) that illustrates
that grave inequitable educational experiences for students of color compared to their White
counterparts starting at an early age, which results in disparities during early development of
reading skills. Limited evidence is available to determine if these disparities are consistent with
understanding of the predictive nature of cognitive abilities on reading skills.
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Keith’s (1999) study was the only one mentioned in McGrew and Wendling (2010), or
published since, that has compared the effects of specific and general latent variables from CHC
theory on reading achievement for Black, Hispanic, and White groups. Keith used multi-group
structure equation modeling (SEM) to test if the same abilities were significant for each
racial/ethnic group for 1st through 4th, 5th through 8th, and 9th through 12th grades. Keith’s
cognitive model was extended based on research from McGrew (1997) to include a second-order
latent variable g and first-order latent variables, including Gf, Gs, Gc, Ga, and Gsm. Each firstorder factor had two indicators.
Keith’s model is unique because not only does it have paths to predict the Reading
Achievement latent variable, but it also has direct paths from CHC broad abilities to subtest-level
indicators of Reading Achievement (i.e., Ga to the Word Attack subtest, Ga to the Letter Word
Identification subtest, and Gc to the Passage Comprehension subtest). These effects were
constrained to be equal across groups. Keith compared three models for each grade level: (1) a
model in which paths were specified from specific cognitive abilities to specific achievement
skills and were constrained to be equal across the three ethnic groups, (2) a model in which paths
were included in all groups but allowed to be different across racial/ethnic groups, and (3) a
model in which no paths were specified from specific abilities to specific achievement abilities.
Keith’s (1999) first model proved to have a better fit than the other two models. In his
results, the comparison of the third model to the first one revealed that specific abilities are
invariant across groups. In his comparison of the second model compared to the third model,
there was generally no difference in specific effects or fit for grades 1-4 and 9-12, but there were
such differences for grades 5-8. The model comparison did not evince that the influences are
identical across groups. The model drawn freely estimate the paths from Gs and Gc to the
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Passage Comprehension subtest. The model that allowed these two paths to vary only for
Hispanic students was the best fitting model and is best explained as Gc having a stronger effect
on Passage Comprehension for Hispanic students than other students.
Overall, Keith’s (1999) results indicate that, across all grade levels and racial/ethnic
groups, specific cognitive abilities have greater effects on reading achievement than does general
cognitive ability; however, he did not confirm invariance for the cognitive model before using it
to predict academic achievement. Therefore, more inquiry should be directed toward CHC broad
abilities to reading. Additionally, CHC broad abilities were found to have generally the same
magnitude of effects to specific reading achievement across groups and age groups, except for
Hispanic middle school students. For this group, Gc and Gs had a higher magnitude on specific
reading skills like comprehension. than for the other two groups. Keith’s findings should be
further explored using a multi-group confirmatory factor analysis (CFA) of the cognitive model
and reading model to evaluate invariance prior to testing the cognitive and achievement relations.
In addition, instead of drawing paths from CHC abilities to specific subtests representing the
targeted reading constructs (like basic reading skills, reading comprehension, and reading rate),
CHC abilities should be drawn to predict latent variables representing the reading constructs.
Purpose of Study
To date, there has only been only one study (Keith, 1999) that has employed CHC
abilities to predict reading outcomes across racial and ethnic groups, and this study examined
only a broad reading factor and specific subtests as outcomes. Furthermore, Keith did not predict
reading outcomes of each specific component of reading (phonemic awareness, fluency,
comprehension, and etc) outlined by the National Reading Panel (2002). More specifically, there
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has not been a study of cognitive-achievement relations across racial/ethnic groups for the
recently published WJ IV (Schrank, Mather, & McGrew, 2014a).
In a recent chapter by Niileksela et al. (2016), the WJ IV was used to investigate the
cognitive-achievement relations (including to three latent-variable reading outcomes) across age
groups. First, Niileksela et al. employed invariance tests to determine if the factor loadings for
the cognitive model were equal across age groups. Second, they employed SEM to determine a
hypothetical latent variable of cognitive abilities based on CHC theory. The model consisted of
the psychometric g as the second-order factor and seven broad abilities and one narrow ability as
first-order factors that were used to predict latent variables Basic Reading Skills, Reading
Comprehension, and Reading Rate. Findings from their study were consistent with previous
research that concluded that Comprehension Knowledge (Gc) and Cognitive Processing Speed
(Gs) were predictors of all reading outcomes, and Auditory Processing (Ga) was found to be
predictive for all but Reading Rate.
This study aims to determine if a newly developed cognitive model and the reading
achievement model structure adapted from Niileksela et al. (2016) are invariant for the target age
range (age 9-13) for three racial/ethnic groups from the WJ IV norming sample. These
racial/ethnic groups were categorized by McGrew et al. (2014) based on race (either Black or
White) and Hispanic status (either Yes or No). For the purpose of this study, Black participants
were those who were recorded as Black and listed as No for the Hispanic variable, White
participants were those who were recorded as White and listed as No for Hispanic variable, and
Hispanic participants were those who were recorded as White and were listed as Yes for the
Hispanic variable.
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The present study will also examine the invariance of the cognitive-reading achievement
relations between psychometric g and CHC broad abilities and three reading achievement factors
across these three racial/ethnic groups. It is hypothesized that the cognitive model will produce
invariant latent variables models to use cognitive abilities to predict reading achievement for the
three racial/ethnic groups for the 9-13 age range. Additionally, the paths from cognitive abilities
to it is expected that there will be different predictive relations of the CHC latent variables on
reading achievement outcomes as moderated by each racial/ethnic group for this age range.
Methodology
Participants
Participant data were obtained from the norming sample of the WJ IV (McGrew et al.,
2014) provided by Houghton Mifflin Harcourt Company. The WJ IV norming sample is the
result of a stratified random sampling plan based on the United States population from the 2010
United States Census, and it consists of data from 7,416 individuals from communities in 46
states and the District of Columbia (McGrew et al., 2014). For this study, school-age participants
ranging from ages 9 to 13 years old were selected (n = 1,382). This subsample was selected due
to it being the largest subsample of school-age students and, as a result, the one most likely to
inform an analysis using complex statistical models. Furthermore, school-age participants who
were Black, Non-Hispanic (n = 200); White, Hispanic (n = 225); and White, Non-Hispanic (n =
957) were selected. Subsample sizes by age group and race and ethnicity are reported in Table 1.
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Table 1
Demographics of Sample
Characteristic

Black, NonHispanic
(n =200)

White, Hispanic
(n = 225)

White,
Hispanic
(n = 957)

Total sample
(n = 1382)

Sex
Male
84 (42%)
113 (50%)
478 (50%)
675
Female
116 (58%)
112 (50%)
479 (50%)
707
Age
9
42
48
180
270
10
31
41
205
277
11
44
45
196
285
12
37
47
197
281
13
45
44
179
268
Community Size Setting
Rural
2 (1%)
7 (3%)
65 (7%)
74
Micro
14 (7%)
22(10%)
110 (12%)
146
Metro
184 (92%)
196 (87%)
782 (82%)
1162
Type of School
Public
188 (94%)
206 (92%)
842 (88%)
1236
Private
8 (4%)
12 (5%)
86 (9%)
106
Home
4 (2%)
7 (3%)
28 33%)
39
Parent Education
>HS
91 (45%)
110 (48%)
589 (12%)
790
HS
68 (34%)
69 (31%)
261 (27%)
398
<HS
41 (21%)
46(21%)
107 (12%)
194
Section of Country
North East
16 (8%)
28 (12%)
171 (18%)
215
Mid-West
74 (37%)
38 (17%)
239 (25%)
351
South
69 (35%)
83 (37%)
310 (32%)
462
West
40 (20%)
76 (34%)
236 (25%)
352
Note. <HS = less than high school diploma, HS = high school diploma, and >HS = greater than
high school diploma.

Measures
All variables were obtained from the WJ IV norming sample of the WJ IV (McGrew et
al., 2014). The WJ IV battery of cognitive, oral language, and achievement tests designed for
individuals between age 2 to 90. This study will employed 21 tests, including 9 tests from the
13

Woodcock-Johnson Tests of Cognitive Abilities (WJ IV COG) and 4 tests from the WoodcockJohnson Tests of Oral Language (WJ IV OL) to measure CHC broad abilities and 8 tests from
the Woodcock-Johnson Tests of Achievement (WJ IV ACH) to measure academic achievement
in reading. These tests were determined to be reliable indicators based on the analysis from the
WJ IV Technical Manual (McGrew et al., 2014) and tests used in Niileksela et al.’s (2016)
chapter.
WJ IV Tests of Cognitive Abilities. One test from the WJ IV COG was used to measure
Comprehension Knowledge (Gc): General Information. Three tests were used to measure
Cognitive Processing Speed (Gs): Letter-Pattern Matching, Number-Pattern Matching, and Pair
Cancellation. Two tests were used to measure Short-term Working Memory (Gsm): Numbers
Reversed and Object-Naming Sequencing. Three tests were used to measure Fluid Reasoning
(Gf): Number Series, Concept Formation, and Analysis Synthesis. The median internal
consistency reliability estimates (across age groups 9 to 13) for these tests ranged from .83 to
.96. All test-retest reliability coefficients (across 1 day for speeded tests) were in the .80 or .90
range, and validity evidence based on content, internal structure, and external relations support
the interpretation of the test scores employed in this study (see McGrew et al., 2014).
WJ IV Tests of Oral Language. Four tests from the WJ IV OL were selected for this
study. One test from the WJ IV OL was used to measure Comprehension Knowledge (Gc):
Picture Vocabulary. Three tests were used to measure Auditory Processing (Ga): Segmentation,
Sound Awareness, and Sound Blending. The median internal consistency reliability estimates
(across age groups 9 to 13) for these four WJ IV OL tests ranged from .72 to .93. Only the
median internal consistency reliability coefficients for Picture Vocabulary (Mdn = .77) and
Sound Awareness (Mdn = .72) did not exceed .80. All test-retest correlations were in the .80 or
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.90 range, and validity evidence based on content, internal structure, and external relations
support the interpretation of the test scores employed in this study (see McGrew et al., 2014a).
WJ IV Tests of Achievement. Three tests from the WJ IV ACH were used to measure
Basic Reading Skills: Letter-Word Identification, Word Attack, and Oral Reading. Two tests
were used to measure Reading Rate: Word Reading Fluency and Sentence Reading Fluency.
Three tests were used to measure Reading Comprehension: Passage Comprehension, Reading
Recall, and Reading Vocabulary. All median internal consistency reliability estimates (across
age groups 9 to 13) for these tests exceeded .80. All test-retest correlations were in the .80 or .90
range, and validity evidence based on content, internal structure, and external relations support
the interpretation of the test scores employed in this study (see McGrew et al., 2014a).
Procedures
Data from the WJ IV norming sample were collected by trained professional examiners
who independently recruited and tested examinees who matched desired demographic
characteristics in their region. A marketing firm was employed to further identify examinees. A
strategy called planned missing data design was employed to address dropout, fatigue, and
decreased motivation across participants in the norming sample. The planned missing data
design required all participants to complete only a subset of tests from the WJ IV. Test protocols
and scores were submitted by examiners to the Houghton Mifflin Harcourt Company, and test
developers imputed missing data from tests not completed during norming (see McGrew et al.,
2014, for more information).
Analysis
Following use of data screening methods, a measurement model with all correlated latent
variables from the cognitive and achievement tests were included. Then a cognitive model
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adapted from Niileksela et al. (2016) was evaluated using confirmatory factor analysis. Next, a
reading achievement model adapted from Niileksela et al. was evaluated using the same analysis.
Following the evaluation of both models, invariance testing for each model across racial/ethnic
groups was conducted. A backwards deletion strategy was employed for the total sample to
delete CHC broad abilities did not have a statistically significant path for predicting reading
outcomes and paths of CHC broad abilities to each reading outcome that were negative. Once
only statistically significant CHC broad abilities remained in the path for each reading model,
invariance testing evaluating the direct paths from factors in the cognitive model to each reading
factor in the reading achievement model was completed across groups. For these analyses, Mplus
7.4 (Muthen & Muthen, 1998-2012) full information maximum likelihood estimation was
employed.
Cognitive model. Figure 1 displays the cognitive model that includes five first-order
factors each representing the CHC broad abilities demonstrated by Niileksela et al. (2016) to
predict reading outcomes: Comprehension-Knowledge (Gc), Cognitive Processing Speed (Gs),
Auditory Processing (Ga), Short-term Working Memory (Gsm), and Fluid Reasoning (Gf). In
addition, a second-order g factor is included. A second-order factor structure posits g has a direct
effect on all the first-order factors, and the first-order factors have a direct effect on tests, which
are the indicators for each factor.
As seen in Figure 1, factors from the cognitive ability tests are represented as measured
variables in rectangles, the first-order factors are represented as ellipses near the rectangles, and
the second-order g factor is represented as a single ellipse at the top of the figure. First-order
latent variables are also affected by residual variance terms that reflect the reliable unique
variance not accounted for by the second-order g factor; they appear as large circles near the
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first-order-factors. Random measurement error and unique variance associated with individual
tests are represented by small circles to the left of the figure. Based on findings from Niileksela
et al. (2016), the residual variance terms for first-order factors Gs and Gsm were correlated, and
for tests (a) Number Pattern and Number Series and (b) Numbers Reversed and Letter Pattern
Sequences, error variance terms were correlated. These correlations are represented by curved
errors in Figure 1.
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Figure 1. The Cognitive Model including Five First-Order Factors and One Second-Order
Factor. General Intelligence (g), Comprehension Knowledge (Gc), Cognitive Processing Speed
(Gs), Auditory Processing (Ga), Short-term Working Memory (Gsm), and Fluid Reasoning (Gf).
Reading achievement model. Figure 2 displays three first-order factors: Basic Reading
Skills, Reading Comprehension, and Reading Rate. As evident in Figure 2, reading test scores
are represented by rectangles, first-order factors are represented as ellipses near the rectangles,
and the correlations between factors are represented by curved arrows. Like in Figure 1, residual
variance and error variance terms are represented by circles. As specified by Niileksela et al.
(2016), error variance terms for Word Attack and Letter-Word Identification were correlated.

Figure 2. The Reading Achievement Model including Three Reading Factors.
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Invariance testing. Mplus 7.4 and maximum likelihood estimation1 was used to test the
configural and metric invariance of the cognitive model and reading achievement model.
Configural invariance is the least strict form of invariance measurement. The purpose of the
configural invariance testing is to determine if groups being compared share the same factor
structure. In this study configural invariance evaluates whether there is the same second-order
factor and five first-order factors across the three racial and ethnic groups (Gregorich, 2006). The
patterns of fixed and free parameters in the models were set to be the same across groups: (1)
freeing the intercepts for each test across all groups, (2) setting the scaling of one measured
variable for each factor and the second-order factor to 1, (3) fixing all factor means and latent
means at zero for each test and factor, and (4) freeing all factor variances for tests across groups
(Muthen & Muthen, 1998-2012).
The purpose of metric invariance testing is to determine if the specified factors have the
same meaning across groups and defensible factor variances or covariance can be compared at
this level of invariance (Gregorich, 2006). Metric invariance employed the same constraints for
intercepts, factor means, latent means, and factor variances. Furthermore, first-order factor
loadings were constrained to be equal across groups to test metric first-order invariance for firstorder factors, and first-order and second-order factor loadings were constrained to be equal
across groups to test metric second-order invariance for the second-order factor. Scalar
invariance and more restrictive levels were not of interest in this study as the focus was not on
comparison of means.
The same steps designed to test the fit of configural invariance of the cognitive ability
model were applied to the reading achievement model adapted from Niileksela et al. (2016), with

1

Maximum likelihood robust estimation was also used in the analysis of invariances and did not yield different
results.
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one exception. This exception was altering the pattern of freed and fixed variables to a secondorder factor. For the metric invariance testing, factor loadings were constrained to be equal
across groups to test each factor.
Cognitive-reading achievement model. Multi-group SEM was employed to investigate
the effects of the five CHC broad abilities and second-order g factor from the cognitive model on
each reading factor (Basic Reading Skills, Reading Comprehension, and Reading Rate) for
Black, Non-Hispanic; White, Hispanic; and White, Non-Hispanic participants. In the analytic
models, cognitive factors were the explanatory variables, and each reading achievement factor
was an outcome variable. First, the direct paths from g to each reading achievement latent
variable were specified for the total sample and tested for invariance among groups. Second,
direct paths from the five CHC broad abilities to each reading achievement latent variable was
specified for the total sample. A backward deletion strategy (Floyd et al. 2007; Niileksela et al.
2016; Taub et al. 2008) was used to identify statistically significant first-order factors affecting
each reading achievement factor for the total sample. For the total sample, negative paths from
the first-order cognitive factors to reading achievement factors were eliminated one by one, and
then paths that were not statistically significant (p > .05), starting with the smallest path
coefficient, were eliminated. These results aided in determining which variables should be
included in the model for cognitive-achievement relations.
After the backward deletion strategy was employed for the total sample, models were
generated to test the invariance of cognitive-reading achievement relations across groups in three
steps: (1) the configural model where there are no factor loadings equal across groups, (2) the
metric-first order model where the first-order factor loadings are equal across groups, and (3) the
metric second-order model where the second-order factor loadings are equal across groups An
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example of cognitive-reading achievement relations can be seen in Figure 3 for direct effect of g
on Basic Reading Skills and Figure 4 for direct effects of CHC on Basic Reading Skills . For the
remaining cognitive-reading achievement paths, the magnitude of the standardized coefficients
was evaluated based on standards from prior studies (Benson, Kranzler, & Floyd, 2016;
Hajovsky et al., 2014; Keith, 2015): values from .05 to .10 are small effects, from .11 to .25 are
moderate effects, and greater than .25 are large effects. Differences of paths using
unstandardized path coefficients were tested for statistical significance between groups by
constraining paths across groups. Cognitive-reading achievement relations were constrained to
be equal for each model. Lastly, invariance of the cognitive-reading achievement model was
tested to determine if racial or ethnic differences were significant when comparing model fit
statistics after parameters were constrained. Model fit statistics suggest that models were not
invariant if there was a degradation in the model fit indicated by fit statistics (CFI and RMSEA).
Based on Keith’s (1999) method to determine statistically significant differences in the
magnitude of paths between groups and as recommended by Kenny (1979), the unstandardized
paths were constrained to be equal across group and used for more appropriate group
comparisons than the standardized paths.
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Figure 3. Direct effect of g on Basic Reading Skills. General Intelligence (g), Comprehension
Knowledge (Gc), Cognitive Processing Speed (Gs), Auditory Processing (Ga), Short-term
Working Memory (Gsm), Fluid Reasoning (Gf), and Basic Reading Skills (BRS).
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Figure 4. Direct effects of CHC broad Abilities after backward deletion on Basic Reading Skills.
General Intelligence (g), Comprehension Knowledge (Gc), Cognitive Processing Speed (Gs),
Auditory Processing (Ga), Short-term Working Memory (Gsm), Fluid Reasoning (Gf), and Basic
Reading Skills (BRS).
Model evaluation. The estimator maximum likelihood was used to evaluate the fit of
each model, a group of fit indexes was used: the chi-square, and chi-square difference, the
comparative fit index (CFI), the Akaike information criteria (AIC), the Bayesian information
index (BIC), the sample adjusted Bayesian Information Criteria (aBIC), and the root mean
square error of approximation (RMSEA) were considered. The chi-square tests are a badness-to-
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fit measure to determine how likely the observed distribution is due to chance. Chi-square has
potent power in large samples when detecting small discrepancies between groups that may
result in no theoretical or practical consequences (Brown & Cudeck, 1993); therefore, other fit
indexes are also reported because of the large sample in this study. The CFI indicates the
improvement in the fit of the model compared to the baseline model and a good fit with values
>.90 (Bentler, 1990). The Akaike information criteria (AIC; Akaike, 1974), BIC (Schwarz,
1978), and aBIC (Enders & Tofighi, 2007) indicate how parsimonious a model is and consider
statistical goodness-of-fit and the number of estimated parameters. Like the AIC and BIC, the
aBIC places penalties for adding parameters, but the penalties are not as high as the BIC because
the aBIC is based, in part, on sample size. Lower AIC, BIC, and aBIC values indicate a better
model fit. The RMSEA and confidence intervals around the RMSEA indicates the fit based on
non-centrality parameters and a good fit with values <.05 (Hu & Bentler, 1999). Chi-square
difference tests were employed to determine the statistical significance of differences in model
fit. Based on Chen’s (2007) recommendations for evaluating invariance tests, a discrepancy
between model fit for each sample should not show a change in the CFI of equal to or greater
than -.01, a change in the RMSEA of equal to or less than .015, and a chi-square difference that
is statistically significant at p=.05. To evaluate the models for prediction bias, the unstandardized
path coefficients for each parameter of interest are compared across group for statistical
significant differences.
Results
Data Screening and Tests of Assumptions
Due to the data imputation method employed by the WJ IV (McGrew et al., 2014), there
were no missing data in the data set. Recommendations from Kline (2016) were used to evaluate
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the distributional properties and other assumptions. As evident in Table 2, univariate skewness
and kurtosis values were all in the acceptable range (skewness less than |2| and kurtosis below
|3|; Tabachnick & Fidell, 2012). No test relations were multicollinear using an R2 cutoff of > .90.
All univariate outliers were accepted as true scores due to the theoretical construct of intelligence
and readings achievement having an expected normal distribution for a general sample. There
was no violations of linearity or homoscedasticity as determined by examining regression
residuals and scatterplots.
Table 2
Descriptive Statistics for the Total Sample
Test
M
General Information
100.43
Letter Pattern Matching
99.78
Number-Pattern Matching
100.21
Pair Cancellation
99.82
Numbers Reversed
100.17
Object Number Sequencing
100.71
Number Series
99.30
Concept Formation
99.25
Analysis Synthesis
99.88
Picture Vocabulary
100.25
Segmenting
99.87
Sound Awareness
99.53
Sound Blending
100.56
Letter Word Identification
98.99
Word Attack
100.07
Oral Reading
100.07
Word Reading Fluency
99.78
Sentence Reading Fluency
98.45
Passage Comprehension
100.34
Reading Recall
99.98
Reading Vocabulary
100.13

SD
15.54
15.00
16.74
15.21
15.03
15.22
15.54
15.21
15.51
15.41
14.94
15.02
15.72
15.70
15.51
16.05
15.28
15.77
16.46
16.79
14.81

Skewness
0.10
-0.04
-0.04
-0.04
-0.05
-0.04
-0.14
0.09
-0.09
-0.01
0.49
-0.31
0.02
-0.08
-0.10
-0.08
0.65
-0.37
-0.11
-0.23
-0.27

Kurtosis
0.11
0.15
0.77
0.25
-0.05
-0.16
0.45
0.11
0.05
0.14
-0.08
-0.08
0.49
-0.15
0.11
0.32
-0.08
0.65
0.98
0.81
0.31

Measurement Invariance of Cognitive Model
To examine invariance of latent variables a preliminary model was developed to examine
the measurement model underlying the predictive modeling that is the focus of this study. In this
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model, the five-cognitive ability latent variables evident in Figure 1 and the three reading latent
variables evident in Figure 2 were specified; all latent variables were correlated with each other.
Using the total sample of participants ages 9 to 13 (see Table 3), the fit statistics for this model
including a CFI of .816, a RMSEA of .120 (90% CI = .117-.124), and a statistically significant
chi-square, which indicates a poor fit. The initial CFA of the cognitive model demonstrated an
acceptable fit (see Table 3). Maximum likelihood robust estimator was used, and there was no
improvement in fit when compared to the maximum likelihood estimator used throughout the
study. The acceptable fit from the CFA of the cognitive model means that this structure should
meet the requirements to proceed forward with invariance analyses. To determine if the cognitive
model demonstrates an acceptable fit for each group, configural invariance and both metric
invariances were tested using Mplus (Muthen & Muthen, 1998-2012). Across all the groups, the
cognitive model demonstrated an acceptable fit at the configural level, when a model
modification was made to address Heywood cases, and at both metric levels (see Table 3). At
the configural level, the model indicated a negative residual variance and an associated path
greater than one from the second-order g factor to Gf for Black and Hispanic groups; therefore,
modifications were made to set the residual variance of Gf to zero to address the Heywood case.
The cognitive model with modifications to the residual variance of Gf demonstrated an
acceptable fit at the configural level, and no substantial change in CFI or RMSEA were
demonstrated between the two models. To determine if there is a statistically significant
difference of the latent variables in the model structure, the metric first-order invariance and
second-order invariance was tested. The change in chi-square was statistically significant, χ2diff =
10.73, p = .01, when comparing the original configural model to the configural model setting the
residual variance of Gf to a maximum of zero. The change in chi-square was statistically
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significant, χ2diff = 29.564, p = .02, when comparing the metric first-order invariance model to
the metric second-order invariance model. Due to the sensitivity of chi-square to complex
models and large sample sizes, it should not be interpreted as an indication of a poor fitting
model; instead, a possible interpretation is that a small discrepancy from the model lead to the
rejection of the model. Alternatively, other fit statistics provide a better understanding of the
models. There was no substantial change in CFI or RMSEA from (a) the model specifying the
configural invariance to (b) the model specifying metric invariance of the first-order factors as
well as metric invariance for the second-order factor. The CFI remained constant throughout all
invariance models. The RMSEA remained constant throughout all invariance models except for
a slightly improved fit from the metric first-order model to the metric second-order model
(RMSEAdiff of .010).
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Table 3
Cognitive Model and Reading Achievement Model Fit Statistics
Model
2
χ2 (df)
P
diff χ (df)

CFI

Measurement Model

3391.05 (161)

--

<.001

.816

RMSEA (90%
AIC
BIC
CI)
.120 (.117-.124) 227372.160 227848.207

567.00 (57)

--

<.001

.919

.080 (.075-.087) 143309.415 148355.285

143405.985

695.351 (171)

--

<.001

.919

.080 (.074-.087) 148033.323 148775.551

148327.643

Set residual variance of Gf to 684.624 (174) 10.727(3) .0133
zero
First-order factor loadings
710.227 (190) 25.603(16) .060

.919

.080 (.074-.086) 143300.208 144022.126

143583.754

.917

.077 (.070-.083) 143293.812 143932.029

143544.482

.020

.916

.076 (.070-.082) 143296.038 143892.405

143530.271

Cognitive Model
Configural invariance

Second-order factor loadings 728.453 (198) 18.226(8)
Reading Model

aBIC
227559.135

247.550 (17)

--

--

.965

.099 (.088-.110) 86022.709

86163.954

86078.185

Configural invariance

288.619 (51)

--

--

.963

.101 (.890-.112) 85990.035

86413.765

86156.464

Metric invariance

293.344 (61) 4.725 (10)

.908

.964

.091 (.081-.101) 85974.760

86346.181

86120.642

Note. Appropriate differences from the current model in each row to the previous model were tested for statistical significance for
each diff χ2 (df) displayed. All other p values are listed for each specific model. -- indicates no chi-square difference tests was
completed and p value is for the model’s chi-square.
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Measurement Invariance of Reading Model
As evident in the bottom section of Table 3, the initial CFA from the reading
achievement model demonstrated an acceptable fit. The model had a CFI of .966 and an RMSEA
of .099 (90% CI = .088 to .110). Acceptable fit of the reading achievement model means that this
structure should meet the requirements to proceed forward with invariance analyses. To confirm
that the reading achievement model demonstrated acceptable fit for each group, configural
invariance and metric invariance were tested. Across all groups, the reading achievement model
demonstrated acceptable fit at the configural level and metric level (see Table 2). There was no
statistically significant change from the model specifying the configural invariance to the model
specifying metric invariance χ2diff = 4.725, p = .908. The CFI remained nearly constant
throughout all invariance tests. The RMSEA demonstrated a slightly improved fit from the
configural to the metric model (RMSEAdiff of .01).
Cognitive-Reading Achievement Relations
Cognitive-reading achievement relations results are presented in Table 4, Table 5, and
Table 6. The fit statistics of each model specifying cognitive-reading achievement relations for
the total sample and from invariance testing across groups are presented in Table 4. For each
reading achievement outcome, fit statistics for models including the direct paths from g to each
reading achievement factor for the total sample are presented first, followed by the invariance
models of the direct path from g to each reading factor, and the direct path of g to each reading
factor constant for each group are presented in Table 4. Following the g-to-reading models, fit
statistics for the models including the direct paths from CHC broad ability factors to each
reading achievement factors for the total sample, followed by the invariance models of CHC
broad abilities to each reading factor, and the direct paths from CHC broad abilities to each
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reading factor constant for each group are presented in Table 4. Table 5 includes group
comparisons of cognitive-reading achievement relations using unstandardized coefficients for
only paths that were relevant after the backward deletion strategy. When using the backward
deletion method with Basic Reading Skills as the outcome variable, Gf and Gsm were deleted.
For Reading Comprehension, Gsm and Gf were deleted. Lastly, for Reading Rate, Gsm, Ga, and
Gf were deleted. All deleted paths were both negative and statistically non-significant. The
standardized path coefficients for cognitive-achievement relations for each group are presented
in Table 6.
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Table 4
Models Specifying Cognitive-Reading Achievement Relations and Moderation by Race/ethnicity
2
diff χ (df)
2
Model
χ (df)
p
CFI RMSEA
AIC
(90%)
Basic Reading Skills
g to Basic Reading Skills

1770.20 (95)

--

<.001

.841

Configural level

1954.581 (288)

--

<.001

.840

First-order factor loadings

1990.535 (308) 35.954 (20)

.016

.835

Second-order factor loadings 2008.304 (316) 17.769 (8)

.023

.834

Direct path equal

--

<.001

.834

CHC to Basic Reading Skills 1572.17 (87)

--

<.001

.859

Configural level

1777.721 (282)

--

<.001

.854

First-order factor loadings

1812.182 (302) 34.461 (20)

.023

.850

Second-order factor loadings 1827.364 (310) 15.182 (8)

.056

.850

Direct paths equal

<.001

.853

2010.476 (318)

1796.00 (294)

--
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.111
181207.740
(.107-.116)
.110
181219.397
(.106-.115)
.107
181215.351
(.103-.112)
.106
181217.020
(.102-.111)
.106
181215.293
(.101-.110)
.109
181025.710
(.105-.114)
.106
1810545.538
(101-.110)
.102
181048.99
(.98-.107)
.101
181048.181
(.097-.106)
.104
181048.811
(.099-.109

BIC

aBIC

181507.720

181326.720

182103.754

181570.076

181994.428

181524.283

181953.984

181509.253

181941.729

181503.350

181367.870

1811161.390

181970.0479

181417.741

181859.659

181370.454

181816.729

181352.938

181901.584

181386.966

Table 4 (Continued)
2
diff χ (df)

Model

χ2 (df)

p

CFI

RMSEA
(90%)

AIC

BIC

aBIC

.116
(.109-.122)
.116
(.111-.120)
.112
(.108-.117)
.111
(107-.116)
.111
(.107-.115)
.133
(.126-.139)
.109
(.104-.114)
.105
(.101-.110)
.103
(.099-.108)
.107
(.102-.112)

90608.900

90869.440

90688.450

181507.858

182392.215

181858.537

181504.253

182283.329

181813.184

181504.105

182241.069

181796.337

181504.556

182230.993

181792.614

90812.500

91105.040

90901.820

181268.735

182184.676

181631.938

181256.750

182067.411

181578.206

181251.910

181988.874

181544.143

181254.163

182117.464

181596.493

Reading Comprehension
g to Reading
Comprehension
Configural level

1004.83 (95)

--

<.001

.822

2122.710 (288)

--

<.001

.820

First-order factor loadings

2159.104(308) 36.394 (20)

0.013

.820

Second-order factor loadings 2174.957 (316) -15.853 (8)

.044

.820

Direct path equal

2179.408 (318)

--

<.001

.817

CHC to Reading
Comprehension
Configural level

1194.44 (88)

--

<.001

.783

1871.587 (282)

--

<.001

.844

First-order factor loadings

1899.602 (302) 28.020 (20)

.10

.840

Second-order factor loadings 1922.762 (316) 23.160 (14)

.057

.842

Direct paths equal

<.001

.844

1877.015 (292)

--
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Table 4 (Continued)
2
diff χ (df)

Model

χ (df)
2

p

CFI

<.001

.880

RMSEA
(90%)

AIC

BIC

aBIC

Reading Rate
g to Reading Rate

1270.853 (81)

--

.101 169272.439 169556.696
169385.157
(.97-.106)
Configural level
2060.729 (246)
-<.001 .813
.124 169895.396 170732.377
170227.289
(.120-.129)
First-order factor loadings
2090.996 (264) 30.267 (18) .034
.811
.121 169889.663 170631.891
170183.983
(.116-.125)
Second-order factor loadings 2111.011 (272) 20.015 (8) <.010 .810
.119 169893.678 170593.794
170171.299
(.114-.124)
Direct path equal
2115.310 (274)
-<.001 .810
.119 169893.977 170583.565
170167.424
(.114-.124)
CHC to Reading Rate
1229.99 (73)
-<.001 .883
.105
169247.58
169573.95
169376.99
(.100-.111)
Configural level
1435.066 (243)
-<.001 .877
.102 169275.733 170128.506
169613.888
(.096-.107)
First-order factor loadings
1462.967 (261) 27.901(18)
.064
.876
.098 169267.634 170025.654
169568.216
(.093-.103)
Second-order factor loadings 1481.339 (275) 18.372 (14) .190
.875
.096 169262.006 169956.858
169537.539
(.092-.101)
Direct paths equal
1448.205 (251)
-<.001 .876 .100 (.095- 169272.873 170083.533
169594.238
.105)
Note. *First-order factor loadings are equal ** Second-order factor loadings are equal. -- indicates no chi-square difference tests was
completed and p value is for the model’s chi-square.
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Table 5
Standardized Path Coefficients Reflecting Cognitive-Reading Achievement Relations for the
Total Sample and by Racial/Ethnic Group
Black
Hispanic
White
Total Sample
Factor
Estimate S.E.
Estimate S.E.
Estimate S.E.
Estimate S.E.
To Basic Reading Skills
From g
.79
.02
.83
.04
.81
.04
.72
.02
From Ga
.43
.03
.47
.04
.45
.07
.34
.03
From Gc
.38
.03
.40
.03
.41
.06
.36
.03
From Gs
.17
.03
.19
.03
.18
.07
.17
.03
To Reading Comprehension
From g
.92
.02
.91
.03
.88
.03
.83
.02
From Ga
.46
.03
.42
.07
.49
.06
.46
.04
From Gc
.51
.03
.57
.06
.50
.06
.48
.03
From Gs
.12
.03
.16
.06
.15
.06
.10
.03
To Reading Rate
From g
.82
.02
.83
.04
.80
.04
.72
.02
From Gc
.28
.02
.27
.03
.29
.03
.26
.02
From Gs
.89
.03
.81
.03
.79
.03
.77
.02
Note. S.E. = Standard Error. Black = Black, Non-Hispanic; White= White, Non-Hispanic, and
Hispanic= White, Hispanic. Only paths that were statistically significant at p < .05 were
included.
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Basic Reading Skills. To examine if cognitive and reading achievement relations are
equal across groups for paths from g to Basic Reading Skills and CHC broad abilities to Basic
Reading Skills a model specification procedure was used. Three models were used to compare
model fit statistics to see if there was a degradation between the models with no factor loadings
constrained to first-order factor loading constrained and models with first-order factor loading
constrained to second-order factor loadings constrained. To examine differences in magnitudes
of paths, all unstandardized loadings were constrained to be equal across groups before
interpreting results. The model fit statistics for the total sample of g to Basic Reading Skills
demonstrated a CFI of .841and an RMSEA of .111 (90% CI = .107-.116), and a statistically
significant chi-square which indicates a poor fit (see Table 4). The invariance models of g to
Basic Reading Skills demonstrated a CFI change of .006 across the three constrained models and
a RMSEA change of .004 across the three constrained models, and the chi-square was
statistically significant when comparing all models. Given that the test was based on a large
sample (N = 1382), and there was no substantial difference or degradation of the model indicated
by the CFI and RMSEA, there was no appreciable difference between groups when constraining
models. The magnitude of the standardized coefficient for g was large for the total sample and
each individual group (see Table 5).
When considering the relations between specific cognitive abilities and Basic Reading
Skills, the backward deletion strategy resulted in the removal of Gf and then Gsm next to create a
model with only statistically significant paths. For the total sample, Ga, Gc, and Gs remained
after backward deletion and were all statistically significant parameter estimates of Basic
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Reading Skills. The magnitude of the standardized coefficient for Ga and Gc, were large for the
total sample (see Table 5).
The fit for the total sample of CHC broad abilities to Basic Reading Skills demonstrated
a CFI of .859 and a RMSEA of .109 (90% CI = .105-.114), and a statistical significant chi-square
that indicates a poor fit and the chi-square is statistically significant (see Table 4). The
invariance models of CHC broad abilities to Basic Reading Skills demonstrated a CFI change of
.009 across the three constrained models, a RMSEA change of .007 across the three constrained
models, and the chi-square was statistically significant when comparing the model with
constrained first-order factor loadings to the model with constrained second-order factor
loadings. Given that the test was based on a large sample, and there was no substantial difference
or degradation of the model indicated by the CFI and RMSEA, there was no appreciable
difference between groups when constraining models. The magnitude of the standardized
coefficient for Ga, and Gc, were large for each individual group and Gs was moderate for each
group (see Table 5). Furthermore, when the model was constrained for the direct paths from
cognitive predictors to Basic Reading Skills to be equal across groups it yielded a poor fit
and indicated no statistically significant differences for g, Ga, Gc, or Gs between groups (see
Table 4 and Table 6).
Reading Comprehension. To examine if cognitive and reading achievement relations
are equal across groups for paths from g to Reading Comprehension and CHC broad abilities to
Reading Comprehension the same model specification procedure for the previous cognitive and
Basic Reading Skills was used. To examine differences in magnitudes of paths, all
unstandardized loadings were constrained to be equal across groups. The model fit statistics for
the total sample of g to Reading Comprehension demonstrates a CFI of .82, a RMSEA .116
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(90% CI = .109-.122) and a statistically significant chi-square which indicates a poor fit. The
invariance models of g to Reading Comprehension demonstrated no change of the CFI across the
three constrained models, a RMSEA change of .005 across the three constrained models and the
chi-square was statistically significant when comparing all models. Given that the test was based
on a large sample (N = 1382), and there was no substantial difference or degradation of the
model indicated by the CFI and RMSEA, there was no appreciable difference between groups
when constraining models. The magnitude of the standardized coefficient for g was large for the
total sample and each individual group (see Table 5).
When considering the relations between specific cognitive abilities and Reading
Comprehension, the backward deletion strategy resulted in the removal of Gsm and Gf next to
create the invariance model. For the total sample, Ga, Gc, and Gs remained after backward
deletion and were all statistically significant parameter estimates of Reading Comprehension.
The magnitude of the standardized coefficient for Ga, and Gc were large and for Gs for the total
sample (see Table 5).
The fit for the total sample of CHC broad abilities to Reading Comprehension
demonstrated a CFI of .78, RMSEA .133 (90% CI = 126-.139), and a statistically significant chisquare which is a poor fit (see Table 4). The invariance models of CHC broad abilities to
Reading Comprehension demonstrated a CFI change of .004 across the three constrained models,
a RMSEA change of .006 across the three constrained models, and the chi-square was not
statistically significant when comparing the three models. There was no substantial difference or
degradation of the model indicated by the CFI and RMSEA, there was no appreciable difference
between groups when constraining models. The magnitude of the standardized coefficient for
Ga, and Gc were large for each individual group (see Table 5). For Gs, the magnitude was small
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for the White group but moderate for the Black and Hispanic groups (see Table 5). Furthermore,
when the model was constrained for the direct paths from cognitive predictors to Reading
Comprehension basic reading skills to be equal across groups it yielded a poor fit and indicated
no statistically significant differences for g, Ga, Gc, or Gs between groups (see Table 4 and
Table 6).
Reading Rate. To examine if cognitive and reading achievement relations are equal
across groups for paths from g to Reading Rate and CHC broad abilities to Reading Rate the
same model specification procedure for the previous cognitive abilities and Reading
Comprehension was used. To examine differences in magnitudes of paths, all unstandardized
loadings were constrained to be equal across groups. The model fit statistics for the total sample
of g to Reading Rate demonstrates a CFI of .823, a RMSEA .116 (90% CI =.109-.122) and a
statistically significant chi-square which indicates a poor fit. The invariance models of g to
Reading Rate demonstrated a CFI change of .003 across the three constrained models, a RMSEA
change of .005 across the three constrained models and the chi-square was statistically
significant when comparing all models. Given that the test was based on a large sample (N =
1382), and there was no substantial difference or degradation of the model indicated by the CFI
and RMSEA, there was no appreciable difference between groups when constraining models.
The magnitude of the standardized coefficient for g was large for the total sample and each
individual group (see Table 5).
When considering the relations between specific cognitive abilities and Reading Rate, the
backward deletion strategy resulted in the removal of Gsm, Ga, and Gf next to create the model
for invariance testing. For the total sample, Gc, and Gs remained after backward deletion and
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were all statistically significant parameter estimates of Reading Rate. The magnitude of the
standardized coefficient for Gc, and Gs were large for the total sample (see Table 5).
The fit for the total sample of CHC broad abilities to Reading Rate demonstrated a CFI of
.883, RMSEA .105 (90% CI .100-.111), and a statistically significant chi-square which is a poor
fit (see Table 4). The invariance models of CHC broad abilities to Reading Rate demonstrated a
CFI change of .002 across the three constrained models, a RMSEA change of .009 across the
three constrained models, and the chi-square was not statistically significant when comparing the
three models. There was no substantial difference or degradation of the model indicated by the
CFI and RMSEA; there was no appreciable difference between groups when constraining
models. The magnitude of the standardized coefficient for Gc, and Gs were large for each
individual group (see Table 5). Furthermore, when the model was constrained for the direct paths
from cognitive predictors to Reading Rate basic reading skills to be equal across groups it
yielded a poor fit and indicated no statistically significant differences for g, Gc, or Gs between
groups (see Table 4 and Table 6).
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Table 6
Cognitive-Reading Achievement Relations: Unstandardized Coefficients Estimate Differences
Between Samples
Black to White
Black to Hispanic
White to Hispanic
Factor
Estimate S.E.
Estimate S.E.
Estimate S.E.
To Basic Reading Skills
From g
0.27
0.16
0.03
0.20
-0.25
0.16
From Ga -0.24
0.15
-0.33
0.18
-.09
0.15
From Gc 0.17
0.09
0.11
0.11
-0.06
0.08
From Gs 0.12
0.09
0.10
0.11
-0.02
0.09
To Reading Comprehension
From g
0.24
0.14
0.01
018
-0.23
0.11
From Ga -0.14
0.16
-0.65
0.32
-0.52
0.3
From Gc 0.13
0.09
0.14
0.12
0.01
0.07
From Gs 0.08
0.09
0.01
0.10
-0.07
0.08
To Reading Rate
From g
0.27
0.16
0.03
0.20
-0.24
0.16
From Gc -0.01
0.07
0.01
0.08
0.01
0.06
From Gs 0.13
0.09
0.04
0.11
-0.08
0.09
Note. S.E. = Standard Error. Black = Black, Non-Hispanic; White= White, Non-Hispanic, and
Hispanic= White, Hispanic. Black to White= Black group coefficient subtracted by White group
coefficient. When using the backward deletion method only for Basic Reading Skills, Gf was
first removed and then Gsm. For Reading Comprehension Gsm was the only CHC factor deleted.
Lastly, for Reading Rate Gsm, Gs, Ga, and Gf were deleted. * indicates statistically significant
differences.
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Discussion
Keith (1999) is the only study employing CHC theory and latent variables to predict
reading outcomes across racial and ethnic groups, and that study examined only one reading
general reading factor and only subtest-level indicators of specific reading skills as outcome
variables. Recent research on the WJ IV (Niileksela et al., 2016) investigated cognitiveachievement relations across age groups using a higher-order factor model to predict academic
achievement outcomes and found that latent variables of Comprehension Knowledge (Gc) and
Cognitive Processing Speed (Gs) were predictors across academic domains, including three
reading skills areas. This current study aims to fill the void of understanding cognitive and
reading achievement relations across racial and ethnic groups. First, invariance of the cognitive
and achievement models was examined, and then cognitive achievement relations for reading
outcomes were investigated.
Psychometric g effects were the strongest predictor in this study for reading outcomes.
Previous research (Benson, 2008; Floyd et al., 2007) suggested that this finding could be an
indirect effect expressed through first-order factors; however, an analysis of an indirect effect
was beyond the scope of this study. The specific direct effects of the five CHC broad abilities
were the primary focus of this study, and they are described in the paragraphs that follow from
least powerful to most powerful effect.
In this study, two CHC broad abilities were found to not have a statistically significant
relation to any reading skills area. The finding of no direct relations between Gf and Gsm and
reading achievement outcomes was discrepant with previous literature (McGrew & Wendling,
2010) and Niileksela et al.’s (2016) recent study. Previous research suggests that Gsm should be
related to basic reading skills (Benson, 2008; Floyd et al., 2007). Gf was also recently found by
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Niileksela et al. to be predictive for reading comprehension for this age range using the WJ IV
(Shrank et al. 2014). Previous editions of the Woodcock-Johnson also displayed some evidence
of the effects of Gf on general reading ability (Keith, 1999; McGrew, 1997). For this age group
at this point in reading development basic reading skills should have become more automatized
since they are transitioning from learning how to read to reading to learn, which may explain
why Gf and Gsm were not predictors for reading skills.
Gc and Gs were consistently predictive for all reading skills, and there was no significant
difference across racial and ethnic groups in the magnitude of their prediction. Gc had a large
effect on all reading outcomes in this study, but Gs’s effect was more variable across outcomes.
For basic reading skills, Gs had a moderate effect across all groups. For reading comprehension,
Gs had a moderate effect for the Hispanic and Black groups and only a small effect for the White
group. This finding further explains Keith’s (1999) finding of Gs being an important predictor of
the Passage Comprehension subtest, which is one of three indicators of Reading Comprehension
in this study. Gs had a large effect on Reading Rate across all racial/ethnic groups. Previous
research (McGrew & Wendling, 2010; Niileksela et al., 2016) supports the findings that Gc and
Gs are statistically significant for predicting reading outcomes using latent variables. No
statistically significant differences across racial/ethnic groups for these factors indicates that they
could be the most important and equivalent predictors of reading achievement for this age group.
Prior knowledge and stored information from learning experiences are representative of Gc are
especially important for this age group. The by the fourth-grade readers should have achieved
simple reading skills like decoding and move on to strategies for engaging with the text through
experiences and previously learned material to comprehend material.
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Ga’s effects on Basic Reading Skills and Reading Comprehension were large across
groups. Previous research has established that Ga has a strong relation with reading (Keith, 1999;
McGrew, 1997; Vanderwood, 2002). Vanderwood (2002) evinced its strong relation to basic
reading skills, specifically for grades 3rd and 4th, which is the transition from learning to read and
reading to learn. In this study, Ga predicted Reading Comprehension equally across groups and
had a large effect size.
Ga is the ability to recognize and process meaningful nonverbal stimulus in sound.
Linguistic and dialectic differences among groups could possibly contribute to process of
understanding early phonemic patterns, but results here demonstrate no difference at this age
range as it relates to more advance application of phonemic skills for reading. This finding
should not be exaggerated as possible counterevidence to the effect of linguistic diversity,
English-Language-Learners and dialectical variations across cultures impact on learning,
assimilating, and adapting to a culturally incongruent or exclusive schooling experiences. This
finding should encourage further inquiry in auditory processing and language development
necessary for academic achievement. Overall, findings from this study indicate minimal bias in
the cognitive abilities predicting complex reading outcomes.
Limitations and Future Directions
The limitations of this study can concisely be defined by model considerations,
generalizability, data collection, and diversity issues. First, model fit statistics were lower than
acceptable for all models, therefore they should not be interpreted outside of research purposes.
This study has omitted several other CHC broad abilities (e.g., Gv, Glr) and only included CHC
broad abilities identical to previous research of this type in the WJ III (Keith, 1999) and proved
to be significant predictors of reading outcomes using latent variables for the WJ IV (McGrew et
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al., 2014). For example, Gv and Glr were included in previous models but they demonstrated no
direct paths that were significant for predicting reading outcomes for this instrument (Niileksela
et al., 2016). The general model fit of the total sample had a much-improved fit than previous
models from Niileksela et al. (2016) and they chose an estimator that produced better fit statistics
than maximum likelihood. Despite improvement, the fit was still undesirable and several issues
with the Chi-square, CFI, and RMSEA remained from previous research. Analysis of more
complex models with less variability of the amount of indicator per latent variable should be
applied. For example, two indicators for every latent variable is the absolute minimum standard
and this current study had some first-order factors with only two indicators (Kline, 2016).
Model considerations for the imputed sample and their influence on model fit statistics
should also be explored for generalizability. The imputation method was used to help provide a
nationally representative norming sample. It has been suggested that the imputed data from the
norming datasets with still some missing data versus using covariances matrices may have
contributed to a poor fit of the models in previous research (Niileksela et al. 2016). The planned
missing method and multiple imputation to handle missing data is believed to have contributed to
anomalies in the data. Data from imputed datasets are more likely to be vulnerable to
multicollinearity of variables. An additional multi-group CFAs should test for the effect of
imputed data in an experimental design of data collection.
Although this study was the first examining racial/ethnic bias for the WJ IV (McGrew,
et al., 2014), further analysis should be considering for other age ranges. For this study age 9 to
13 years old was selected, but a developmental difference could occur for school-age samples
between 6 to 8 years old and 14 to 18 years old. Future research may discover differences in the
predictive validity cognitive abilities to reading at different age groups in which the magnitude of
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the effect changes among the three groups. For an experimental analysis of a potential change in
the magnitude a longitudinal study would allow for the prediction of cognitive-reading
achievement relations across time. The norming sample that was analyzed included only crosssectional data.
Several issues of diversity arise due to demographics of the sample that was presented in
the data collection for the norming samples. The norming sample used for this study does not
accurately reflect the vast cultural, heritage, and linguistic differences across groups.
Specifically, the Hispanic group was categorized based on two coded variables in the dataset
Race and Hispanic (Yes or No) and due to sample size requirements for this study what is
referred to commonly as White Hispanic was used. Although this a common approach in
research about race/ethnicity, researchers should challenge the current paradigm to better capture
the vast diversity of the social construct of race/ethnicity. The Pew Research Center (2015, June)
reported that two-thirds of Hispanic American adults’ view Hispanic as being their racial and
ethnic background (56%) and race (11%). Additionally, Hispanic is accepted by some to denoted
individuals who ancestors have a linguistic connection to Spanish. The WJ IV Technical Manual
(McGrew et al., 2014) does not reference any language requirements in data collection. Spanish
as a language has vocabulary, dialectic, and pronunciation patterns connected to nationality. If
information on bilingualism or language preference at home is provided it could better inform
interpretation of results. For example, Hispanic students in this study could be non-Spanish
speakers who parents have been in America for generations.
This study was also limited in its failed consideration of intersectionality across
participants. A more complex analysis to help understand educational disparities could look at
other moderating variables, predictive bias in clinical samples of students from different cultures.
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Other variables could be considered for assimilation to mainstream culture as a better analysis
for bias. Previous research examining test bias has typically focused on one or two variables
(using race/ethnic distinctions or sex differences) like this study; however, little focus has been
on more complex intersecting variables associated with marginalized and oppressed samples.
Additionally, within-group diversity should also be explored to investigate cognitive predictive
validity by using covariates or more specific subsamples. For example, a study that investigated
economically disadvantaged members of racial groups or parental education within a racial
group would better serve our understanding of educational disparities.
Cognitive relations to other academic domains should be considered. Evidence of
cognitive predictive validity for math or writing could be helpful to understand disparities in
STEM education and Gifted and Talented programs. Historical and current trends (Ford et al.,
2008) have documented the underrepresentation of students from diverse backgrounds in Gifted
and Talented programs. This current study should serve as a pioneering one for racial and ethnic
groups invariance tests using the WJ IV (McGrew et al., 2014), but it should be interpreted in the
context of the full body of literature on test bias and cognitive-reading achievement relations.
The purpose of this study was to understand latent variables in cognitive-reading achievement
relations; however, studies of latent mean differences should be explored in future studies to
more fully conceptualize and understand educational disparities.
Implications for Practice
The purpose of this study was to investigate and clarify speculation of differences in
cognitive abilities influential to reading development across racial/ethnic groups. Application of
the results from this study will be better understood with further inquiry in social, political, and
individual differences. Albeit this is one study, but the cognitive abilities influential for reading
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achievement demonstrated minimal evidence of differential prediction bias for reading
outcomes. If future studies and replications support these findings, then results will indicate no
inherent difference of abilities in the distribution of latent variables for predicting reading.
Instead, reading disparities among racial/ethnic groups are a result of social injustice. To
improve reading disparities across academic interventions to provide just and equitable resources
should be more effective than attempting to train cognitive abilities. Despite these results,
culturally appropriate and non-biased assessment practices should continue be encouraged when
selecting an instrument.
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